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Dynamically Tunable Memory in Two-Component Gene Circuit

C.-M. Ghim* and E. Almaas
Microbial Systems Biology Group, Biosciences and Biotechnology Division,
Lawrence Livermore National Laboratory, 7000 East Avenue Livermore, CA 94550

Cell has the potential to remember the environmental conditions for many) (g&erations but stochas-
tic fluctuations set a fundamental limit on the stability of this memory. Here we explicitly take the binding-
unbinding of macromolecules into account to propose a novel rationale for the protein-protein interaction in
cell physiology. Based on the first-exit time and the corresponding deterministic characterization of various ge-
netic circuits, we show that the reversible binding dynamics may stabilize non-genetically inherited cell states,
providing a practical strategy for designing robust epigenetic memory.

PACS numbers: 87.18.Cf, 82.39.-k, 05.40.+j

Introduction. Living cells are intrinsically noisy system. broad relevance to the efforts in synthetic biology.

Only a few molecules synthesized in random burst can be suf- Dynamics of genetic toggle switchThe stochastic model
ficient to erratically turn on or off the gene expression, a probfor a pair of mutually repressing genes (“A” and “B”) com-
lem that is only now being appreciated in electronic circuitsprises binding-undinding reactions among DNA, proteins,
as the size of the active elements shrinks to near-moleculamd RNA polymerases (RNAp). In physiological time scale
dimensions. The transition between stable phenotypes cégor which functional macromolecules are synthesized or de-
be driven not only by environmental cues but also by fluc-graded, binding-unbinding reactions can be treated in an adia-
tuations due to random arrival of chemical reactions and lowbatic manner. Then each reversible binding reaction is chara-
copy number of regulatory proteins [1]. Naturally, cells haveterized by a single thermodynamic constdt= q; /k;, where
evolved elaborate molecular machinery to get over this funk; andg; is association and dissociation rate, respectively (Ta-
damental limit to the biochemical information processing orble 1). If we are able to neglect the stochastic fluctuations, the
even to exploit it as a survival strategy. Recent experiments ofull dynamics of toggle switch can be reduced to the following
a clonal population of microbes [2—4] have shown that the ranedynamical system.

dom switching does create phenotypic diversity, potentially

giving a population better chance of survival as exemplified in { x=f1(Y) =x—ag1(xy)
bacterial persistence under antibiotic treatment [5] or in fluc- y=f2(X) =y —g2(¥,%)
tuating environments in general [6, 7]. Noise-induced switch-

ing, however, more often signals a defect in cellular informa-wherex andy are now the concentration of protein species A
tion processing. Untimely exit from latency means to viruses@nd B scaled by the dissociation constant of protein-operator
increased chance of being targeted by the host immune sy§omplex,Kz. Time is taken in units of the protein lifetime,
tem. Transcriptional activation of sugar uptake genes in th&vhich sets the timescale of cellular “memory” retention, and
wrong media may well be a severe waste of resources.

In fact, biochemical switches, such atcro circuit of — (a) prmem ______ (B)
phase\ inside a bacterial cell [8], have been known forits ex- 7 ™ o active  dimeric
ceptional stability. Unless induced by external agent (e.g. UV MRNA mRNAB fepressor_form
light), an individual phage ik. colicell sustains its lysogenic

@)

HET monomer AB

reproduction mode throughout 41@enerations [9, 10], which geneA geneB HOMm1 monomer AA,BB
is lower than the genomic mutation rate of the host organ- — | HOM2  dimer  AA,BB
ism. Then the problem of random switching becomes a mat-

ter of balance: switching should be tunable balancing the twd®) DO0 D20
counteracting needs. Here we investigate tunable syntheticop  — TP E TE

gene circuits, the dynamical capability of which is controlled N Kz s W

by chemical specification of the constituent macromolecules. I I I

7
To quantitatively address the issue of stability against random a7 b1l e D21
switching and its dependence on the circuit topology and ki- *Q
netic details as well, we employ the chemical master equation

(CME) and Gillespie’s numerical method [11] for the genetic i 1. (color online) (A) Circuitry of the genetic toggle switch.
toggle switch, where two genes transcriptionally repress eacBroken lines are transcription and translation processes and the lines
other’s expression via their own protein products [12]. In ad-with blunt end denote the transcriptional repression. (B) Model ge-
dition to the trascription intitation control, we will look at the netic circuits under consideration. (C) Microscopic binding states of
role of post-translational protein-protein binding dynamics ad?NA. Op, operator;Pr, promoter;TF, transcription factorRNAp,

a handle for stabilizing gene expression states, which will findXNA Polymerase{Ki} is the dissociation constant of each reaction.



Reaction Rate Reaction Rate
P+P = PP (kl,ql) g — mRNA any
D00+P= D10 (k2,02) g—P ap
D00+RNAp= D00 (ks,03) MRNA — @ ym
D10+P= D20 (kg,04) P— o Yp ;
D10+RNAp= D11 (ks,0s) —_— :
D20+RNAp= D21 (ks, gs) e I .

Promoter leakage, s

TABLE I: List of reactions. P denotes protein antli® either the  (B)
same species or not. Other symbols are explained in Fig. 1.

ance

is set the same for the two species. Upper casmdY de-
notes the concentration of the active form of the repressor proe 11"0
teins derived fronx andy, which can be either monomer or
homo-/hetero-dimer.

The regulated synthesis rafg often expressed as au
hoc sigmoid with arbitrary Hill coefficients, is a monotone g
nonincreasing function. In the lumped circuit scheme, the‘g
gene expression rate is formulated as the product of promoteg
occupation probability by RNAp and the speed of the ensu-g
ing (MRNA or peptide) elogation. Likewise, since the tran-
scriptional initiation control is mediated by binding the re-
pressor proteins to the specifis-regulatory DNA sequence, Wk h i
the problem of determining; is reduced to find the RNAp- e T T W T T e e e e e B
promoter occupancy either in the absence of transcription fac-

tor (TF) or in its presence. We allow for the case, withoutr g 5. (color online) (A) Phase diagram of genetic toggle switches.

losing genrality, where RNAp may bind to bare DNA or in- The promoter leakageand the mean protein copy numigein the
frequently sit on the promoter site despite the steric hindrancgpsence of regulation are taken as two independent variables for a
by repressors, as depicted by the finite dissociation constantgven series oiK;. Red cross symbol indicates the parameter set

protein abu

N

Ks andKy in Fig. 1C. Then it proves that for stochastic simulations, and the steady-state molecular abundance
(B) has been obtaind along the broken lines. Notice that for strong
\Y protein-protein binding affinity and high synthesis-loose repression
FOX) =A (1+ 1+HX+WX2> ’ ) limit, HET may develop higher multistability region (wedge-shaped

area bounded by thick and thin lines), where three or more stable
wherel = f (o) is the dimensionless synthesis rate of proteinsstates are possible. (B) Steady-state protein abundance as a function
in full repression and = [ (0) — f(w)]/f () is the reduced of Ky (top), s (middle), andfB (bottom). From the fixed point in
fold change between ON and OFF states. Following masgdrameter spacéka/nM,s,B)=(10, 0.01, 17.5 or T(HET)), each
action kinetics, all these dimensionless compound parameteFarameter is allowed to vary with the other two fixed. The trajectories

7 black (red) denote (un)stable steady states.
can be tracked into equilibrium thermodynamic constants: (red) (un) Y

_ B stm G-y K . —
T 1tqys’ H= T’ ' sltq’ | Ke’ pargmeters along withandf that can be manipulated in ex-
periments.
wherer > 1is the cooperativity factor in protein-DNA bind-  If we consider the symmetric toggle switch for analytical
ing, s= Ks/Ks € (0,1) is the promoter “leakage”, angt =  simplicity, that is, the two species of proteins are subject to

K3/[RNAp] is the RNAp-promoters dissociation constant the same rate processes, the functional forrf) ahdg; is in-
scaled by the concentration of RNAp. A key parameter withindependent of. Depending on the variable pathways of post-
experimental manipulation is the average protein copy numtranslational binding dynamics, we explore three different re-
ber in the absence of regulatigh= amap/Koymyp, Wherear,  alization of the toggle switch: (i) HET model allows for the
(ap) andym (Yp) respectively denotes the synthesis and degraformation of inactive heterodimer. (i) HOM1 and (iii) HOM2
dation rate of mRNA (protein). The decay term other than thenodel includes the homodimerization of each protein species,
passive linear degradation due to cell growth reflects the effeathile the former (latter) has monomer (dimer) as the active
of reversible binding-unbinding dynamics. Heterodimeriza-form of transcription factor. A&k, — oo, results from both
tion between repressor proteins dictajes xy/k whereasthe (i) and (ii) converge to the the simplest monomer-only model,
homodomer circuits havg (x,y) = x?/2k, wherek =0K1 /K2 as is shown by the almost exact overlapkaf= 1000 nM
anda is the ratio of dimer lifetime to monomer lifetimé&;,  phase boundaries in HET and HOM1 models (Fig. 2A). For
the dissociation constant of protein dimer, constitutes the keshe explicit form of the functiond in Eq. (1), the systems



with monomeric repressor (HET and HOM1) haxe= x and

Y =y, while X = 6x? andY = 6y? with 8 = K/K; for dimeric 10
repressor (HOM2). ‘
Multistability controlled bys, B, and K;. Depending on 5

the kinetic rates involved in molecular binding/unbinding dy- 2
namics, Eqg. (1) may develop bistability which provides a ba- 'C< 0
sis for biological switching devices. Null cline analysis gives
the bistability region as shown in Fig. 2, where the promoter= ¢ ok
leakage and the chosen as independent parameters and all the [ AR 1 B
others are fixed near the physiologically relevant values. A
general tendency throughout the different model systems is
that the decreased promoter leakage (srgjaénhances the ol S PRI Y S
bistability. Also for the bistability, given fixed decay rates 00060 A "”nAEnBG" 2o Al 0
of MRNA and porteins, intermediate transcription-translation

ici i ired. X ive an I
efﬁmency ) Its reveilljllr:r(ijn ?r? th thf ren(t:esti € Iabd"depn?tedFlG. 3: (Color online) Effective potential reconstructed from the
expression rates g the system {o the globally u queprobability of the system to collapse into the line of constant ng.

steady state. Increased binding affinity in protein-protein Nt each circuit and each value Kf, we ran two independen-
teraction (smalleK;) enhances the bistability region in HET generation-long simulations starting from symmetrically inverted
circuit while suppressing it in HOM1. On the other hand, initial conditions. Remnant asymmetry is the finite sampling effect.
the bistable region of HOM2 circuit is parallel-shifted towards Two rows correspond to the burstiness of 1 and 4, respectively.
higher values oB, showing nonmonotonic behavior in the oc-
currence of random switching &g varies (Fig. S1 inSup-
plementary Information In both the weak and strong bind- ble steady states to eventually restore monostability. In this
ing limit, HOMZ2 circuit displays frequent switching between process, the two attractors merge with the saddle points and
steady states. annihilate each other (saddle-node bifurcation) to leave only
A penetrating explanation for all the observed behaviora single attractor (not shown in Fig. 2Bg). Here unphysio-
is the proximity effect near the phase boundary. Ks logically high abundance of the dominant protein even in the
decreases, multistable region gets thicker (thinner) in HETnoderate values db is attributed to the depletion of minor
(HOML), leaving the system (red cross in Fig. 2A) more andspecies by binding with the dominant species.
more central (peripheral) within the multistable region. Be- Stochastic approachedo evaluate the stability of distinct
cause of the parallel shift in phase boundary, HOM2 circuit istoggle switches, the “barrier height” as welll as the separation
placed in the middle of the bistable region only in the inter-of attractors should be considered. In the absence of the global
mediate values o;. Around the physiological rates for the “energy landscape”, since the drift field of Eq. (1) is noncon-
phageA [13-20], all types of the toggle switch develop mul- servative, we need to resort to CME that empirically reveals
tistability in a wide range of parameter variations. The transithe structure of the landscape. We generate the stochastic time
tions from monostability to bistability or vice versa belong to series using Gillespie algorithm [11]. The bifurcation-based
the (supercritical) pitchfork bifurcation as shown in Fig. 2B, proximity effect persists in stochastic time courses (data not
and so the dynamical system near those critical points showshown). Random switching in HET (HOM1) circuit occurs
sensitivity to small random perturbations due to the decreasddss (more) often for the stronger binding affinity between pro-
separation of the two stable states in state space. For this bifueins, whereas HOM2 requires an intermediate range of bind-
cations, the separation of the two attractors increases right afing affinity for the reduced switching rate. Dependence of the
ter their appearance and then decreases back to merge with th&itching dynamics on the tunable characteristics of the tog-
the other attractor and a saddle point. On the other hand, thgle can also be captured by one-dimensional effective poten-
positive eigenvalue of the Jacobian at the saddle point (datigal constructed by counting the occurrence of the difference
not shown), which measures the “barrier height” between the, — ng (Fig. 3). Double-well landscape 6f InP(na — ng)
two attractors, shows initial increase followed by the decreaseeconfirms the bifurcation analysis, where increased bind-
to zero at the upper critical point. ing affinity between proteins leads to higher (lower) barrier
Interestingly, HET circuit can be tuned to possess three oheight and larger (smaller) separation of the two attractor for
more stable states at the intermediate promoter leakage coET (HOM1) while the trend is mixed in HOM2. It has
bined with the large ratio of synthesis to degradation ratedeen known [21] that the average number of translated pro-
of proteins. Starting from a bistable parameter region oteins from a single mMRNA template during mRNA lifetime
smallsand largeB, as the transcriptional repression becomesa, /ym = b) plays an important role in controlling the intrinsic
looser (increasing), a subcritical pitchfork bifurcation oc- noise. In deterministic dynamics, however, this rate is lumped
curs to generate the third attractor and two extra saddle pointgith the number of transcription per cell cycle(/yp) to give
(Fig. 2Bd). The same is true to tifiescan (Fig. 2Bg). As  an effective system paramet@r To address the issue of the
(B) keeps growing in Fig. 2Bd (Bg), HET turns to lose sta- translational burst, we separate stoichiometry from propensity
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(A) HET

HoM1L Hom2 reliable performance. We comparatively evaluated different
realization of genetic toggle switch that potentially control
the gene expression in further integrated genetic regulatory
circuits. We observed the nontrivial dependence of the intrin-
sic noise on protein-DNA interactions and post-translational
op i i i protein-protein binding dynamics as well. In particular, HET
@ o w02 o0t o w® 0?0t o and HOM2 outperform HOML1 in the stability of the memaory,
Promoter leakage, S .- . . . .
providing a candidate design for robust switching or mem-
ory devices. A more important aspect is the tunability of the
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isms into the selective pressure and now provides engineering
targets for technological purpose as well. For instance, to re-
duce the promoter leakaggethe operator sequence can be en-
o " 7w = w  gineered to accommodate extra protein-binding sites. In order
B to increase (decres@) one can increase (decrease) the syn-
FIG. 4: (Color online) (A) Heat map of mean first-passage timethesis rates of mRNA/protein and/or decrease (increase) the

calculated by the approximation scheme explained. (B) Empiricaf@gradation rate thereof. A practical way to achieve this goal
switching frequencies obtained from stochastic time series (blackS to fuse the ssRA tag into the 3’ end of each gene [24] so that
dots) are compared with the approximate numerical resklis= 1 the protein degradation is exposed to active proteolysis. Fian-
nM, b= 4, s=0.01 All the rates are displayed in units of hodr lly, K1 can be modulated by modifying the binding domain of
the repressor proteins. A novel avenue for this direction in-
cludes the integration of the evolutionary instabilities into the
construction principles of engineered biological systems [25].
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in stochastic approach, and factoriz@to the “burstinessb
and the remaining factors.

Calculation of switching rate.In linear noise approxima-
tion [22] the fluctuation of protein copy numbers around the This work was performed under the auspices of the U. S. Depart-
macroscopic concentratian= (x,y) is given byn —Vcr = ment of Energy by Lawrence Livermore National Laboratory under
VVeE (Ve is the cell volume). Using Kramers-Moyal expan- Contract DE-AC52-07NA27344. This project (06-ERD-061) was
sion of the discrete step operator, stochastic dynamics for funded by the Laboratory Directed Research and Development Pro-
can be approximated by Fokker-Planck equation for the congram at LLNL.
tinuous random variabl&.
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